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Abstract

Metal implants in MRI cause severe artifacts that degrade image quality and hinder clinical
diagnosis. Traditional approaches address metal artifact reduction (MAR) and accelerated
MRI acquisition as separate problems. We propose MASC, a unified reinforcement learning
framework that jointly optimizes metal-aware k-space sampling and artifact correction for
accelerated MRI. To enable supervised training, we construct a paired MRI dataset using
physics-based simulation, generating k-space data and reconstructions for phantoms with
and without metal implants. This paired dataset provides simulated 3D MRI scans with and
without metal implants, where each metal-corrupted sample has an exactly matched clean
reference, enabling direct supervision for both artifact reduction and acquisition policy
learning. We formulate active MRI acquisition as a sequential decision-making problem,
where an artifact-aware Proximal Policy Optimization (PPO) agent learns to select k-
space phase-encoding lines under a limited acquisition budget. The agent operates on
undersampled reconstructions processed through a U-Net-based MAR network, learning
patterns that maximize reconstruction quality. We further propose an end-to-end training
scheme where the acquisition policy learns to select k-space lines that best support artifact
removal while the MAR network simultaneously adapts to the resulting undersampling
patterns. Experiments demonstrate that MASC’s learned policies outperform conventional
sampling strategies, and end-to-end training improves performance compared to using a
frozen pre-trained MAR network, validating the benefit of joint optimization. The code and
models of MASC have been made publicly available: https://github.com/hrlblab/masc
Keywords: MRI reconstruction, k-space sampling, metal artifact reduction, reinforcement
learning.
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Figure 1: Overview of MASC. Top: Existing approaches using conventional or learning-
based sampling strategies are trained on metal-free data and produce clean results
when tested on implant-free cases, but fail when applied to metal-corrupted data,
yielding artifact-unaware reconstructions. Bottom: MASC jointly optimizes a
MAR U-Net and active sampling policy through end-to-end training on metal-
corrupted data, enabling artifact-aware k-space sampling and effective artifact
reduction.

1. Introduction

Magnetic resonance imaging (MRI) is a powerful diagnostic tool that provides excellent soft
tissue contrast without ionizing radiation. However, two major challenges limit its clinical
utility in certain patient populations: the presence of metal implants, which cause severe
image artifacts due to susceptibility differences and signal voids (Hargreaves et al., 2011),
and the inherently long scan times required to acquire fully-sampled k-space data (Liang and
Lauterbur, 2000; Moratal et al., 2008; Zbontar et al., 2020). While both challenges have
been extensively studied, existing approaches typically address them in isolation—metal
artifact reduction (MAR) methods assume fully-sampled acquisitions, while accelerated
MRI techniques focus on artifact-free subjects.

Metal implants are increasingly prevalent in patient populations, with hip replacements,
spinal fusion hardware, and dental implants affecting millions of individuals annually (Mara-
dit Kremers et al., 2015; Hegde et al., 2023). These metallic structures induce local magnetic
field inhomogeneities that distort the MRI signal, manifesting as signal voids, geometric
distortions, and bright streaking artifacts in reconstructed images (Koch et al., 2010; Har-
greaves et al., 2011). Such artifacts can obscure adjacent anatomical structures critical for
diagnosis, particularly in post-operative imaging where assessment of tissue surrounding the
implant is essential. Accelerated MRI acquisition has emerged as a complementary research
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direction, aiming to reduce scan times by acquiring only a subset of k-space lines (Wang
et al., 2016; Han et al., 2019). Recent work has explored jointly optimizing fixed under-
sampling patterns with reconstruction networks (Zibetti et al., 2022), while reinforcement
learning approaches frame k-space acquisition as a sequential decision-making problem,
where an agent learns which phase-encoding lines to acquire to maximize reconstruction
quality under a limited sampling budget (Zhang et al., 2019; Pineda et al., 2020; Bakker
et al., 2020; Yen et al., 2024).

However, existing learned acquisition methods do not account for metal artifacts, and
their interaction with artifact reduction remains unexplored. As illustrated in Figure 1,
applying conventional active sampling policies to metal-corrupted data produces recon-
structions that retain significant artifacts, since these policies were not designed to handle
the unique k-space signatures induced by metal implants.

In this work, we propose MASC (Metal-Aware Sampling and Correction via Reinforce-
ment Learning for Accelerated MRI), a unified framework that jointly addresses metal ar-
tifact reduction and accelerated MRI acquisition. Our approach formulates active k-space
acquisition as a Markov decision process (Sutton and Barto, 2018), where an artifact-aware
Proximal Policy Optimization (PPO) agent (Schulman et al., 2017) learns to select phase-
encoding lines while a U-Net-based (Ronneberger et al., 2015) MAR network processes the
undersampled reconstructions. To enable supervised training, we construct a paired dataset
by generating digital phantoms from the AutoPET CT dataset (Gatidis et al., 2022) using
multi-tissue segmentation, simulating MRI k-space data with and without virtual metal
implants to produce exactly matched clean-metal pairs that provide ground truth super-
vision. Crucially, we introduce an end-to-end training scheme where both components
co-adapt: the acquisition policy learns which k-space lines best support artifact removal,
while the MAR network adapts to handle the specific undersampling patterns produced
by the learned policy (Figure 1, bottom). This co-adaptation addresses a fundamental
limitation of frozen MAR approaches—metworks trained on fully-sampled data may not op-
timally handle the aliasing artifacts introduced by aggressive undersampling. We evaluate
our approach against conventional sampling strategies and demonstrate that learned poli-
cies achieve superior reconstruction quality, with end-to-end training providing measurable
improvements over frozen MAR baselines. Our contributions are:

e To the best of our knowledge, the first study to address accelerated MRI reconstruction
in the presence of metal artifacts.

e A physics-based paired MRI dataset with simulated metal artifacts enabling super-
vised training for artifact reduction and reward computation for policy learning.

e An end-to-end artifact-aware reinforcement learning framework for joint optimization
of k-space acquisition and metal artifact reduction.

2. Methods

2.1. Problem Formulation

We formulate active MRI acquisition as a Markov Decision Process (MDP) (Sutton and
Barto, 2018). As shown in Figure 2, the state at time step ¢ is defined as s; = (I, My),



Lu Lu Qu ZHU GUO LIONTS ZHU YANG YAO RAaJAGOPAL LANDMAN WANG YAN HuO

Next state

Select
. II - I‘“I _m [H I = N [i 7 - ok
Pre: traln Update Rollout

Full metal Inmal mask Current mask Current o Artifact-reduced Next sample
k-space (i State S, recon image N image Reward action
Pre-train PPO update
Per st
Cres Metal & clean MAR U-net update
Per rollout

image pairs

No Yes

Budget

Next state exhausted
a 3
Select
_— —(FFr > ﬁ MARU-Net  |—> ﬁ PPO Agent
Full metal Initial mask Current mask Current Artifact-reduced Next sample
k-space (i=2) State S recon image image action

Figure 2: MASC training and inference pipeline. Top (Train): Starting from full
metal-corrupted k-space, the current mask selects acquired lines for IFFT re-
construction. The MAR U-Net processes the reconstruction to produce artifact-
reduced images, which the artifact-aware PPO agent observes to determine the
next sampling action. Color-coded arrows indicate operation frequency: purple
for pre-training (MAR U-Net on paired metal-clean images), blue for per-step
operations (sequential k-space acquisition), and orange for per-rollout updates
(reward computation, PPO policy update, and MAR U-Net fine-tuning). Fire
icons denote trainable networks. Bottom (Inference): Both networks are frozen
(snowflake icons). The agent iteratively selects k-space lines until the acquisition
budget is exhausted.

where I; € RE*W represents the current magnitude reconstruction obtained from partially

sampled k-space, and M; € {0,1}Vr¢ is a binary mask indicating acquired phase—encoding
lines. The reconstruction is computed via inverse Fourier transform as I; = |F~1(K © M,)|,
where K € CH*W denotes the full k-space data (Liang and Lauterbur, 2000; Moratal et al.,
2008).

The action space consists of selecting a single unacquired phase-encoding line. Upon
selecting action a;, the mask is updated as M;1[a;] = 1, and the agent receives a reward
based on reconstruction quality improvement:

re = o (QIe1, 1) — Q(Iy, I)) (1)

where I* is the ground truth image, « is a scaling factor, and () measures reconstruction
quality by combining Structural Similarity Index (SSIM) (Wang et al., 2004) and Normalized
Mean Squared Error (NMSE):

QI,I") = Assim - SSIM(I, I*) 4+ Apmse - (1 — NMSE(Z, I")) (2)
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2.2. MASC Framework

Our framework comprises two components: an artifact-aware PPO-based (Schulman et al.,
2017) artifact-aware acquisition policy and a U-Net-based MAR network (Ronneberger
et al., 2015).

Acquisition Policy. The artifact-aware PPO agent uses a shared convolutional en-
coder for actor and critic branches. The encoder processes the concatenated reconstruc-
tion and acquisition mask, and the actor outputs action probabilities over unacquired lines
with invalid actions masked. We optimize using the standard PPO clipped objective with
GAE (Schulman et al., 2016).

MAR Network. The U-Net employs residual learning (He et al., 2016) where gy (/) =
I+ ry(I), allowing the network to focus on learning artifact corrections rather than full
image reconstruction.

Co-Adaptive Training. We propose a two-stage training scheme. In Stage 1, the
MAR network is pre-trained on paired metal-corrupted and clean images using L1 and
SSIM losses. In Stage 2, both networks are jointly optimized: the artifact-aware PPO agent
observes MAR-processed reconstructions with rewards computed as:

re = (Qgy(le1), I7) — Qgy (Ir), 7)) (3)

where ) is our quality metric and I* is the ground truth. This enables the policy to
learn acquisition patterns complementary to the MAR network. Simultaneously, the MAR
network is fine-tuned using:

Lyar = [lgy (L) — I*||3 (4)

This co-adaptive training creates mutual influence: as the MAR network improves on
particular acquisition patterns, the policy learns to favor them; as the policy converges,
the MAR network specializes in those specific undersampling patterns. We alternate up-
dates after each rollout with a lower learning rate for MAR fine-tuning. A detailed pseudo
algorithm is provided in Appendix A.

3. Data and Experiments
3.1. Data

As shown in Figure 3, we construct a paired MRI dataset from 200 subjects in the AutoPET
CT/PET dataset (Gatidis et al., 2022) using physics-based metal artifact simulation. This
enables supervised training for artifact reduction and reward computation for policy learn-
ing. Both phantom segmentations and simulation results were validated by professional
radiologists. Detailed subject information is provided in Appendix B.

Phantom Generation. For each CT volume, we run TotalSegmentator (Wasserthal
et al., 2023) with three complementary tasks: (1) general segmentation for detailed organ
delineation, (2) tissue composition for fat and muscle differentiation, and (3) body region
for anatomical localization. These segmentations are combined to create multi-tissue 3D
phantoms with tissue-specific MRI property maps including proton density, T1, and T2 re-
laxation times, following established conventions in the field (Segars et al., 2010; Bottomley
et al., 1987; Pohmann et al., 2016; Rooney et al., 2007; Bojorquez et al., 2017; Gold et al.,
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Figure 3: Dataset construction pipeline. Phantom generation: CT volumes from the
autoPET dataset are processed through TotalSegmentator with three complemen-
tary tasks to produce multi-tissue phantom maps. The hip region is manually
selected and combined with a cobalt-chromium hip implant model to generate
tissue property maps including implant mask, off-resonance frequency (df), sus-
ceptibility (susp), proton density (PD), T1, and T2. MRI simulation: A physics-
based simulator with TSE sequence parameters generates paired k-space data and
reconstructions: clean images without metal and artifact-corrupted images with
the virtual implant, providing exactly matched pairs for supervised training.

2004; Stanisz et al., 2005). We then manually select the hip region for each subject as the
anatomically correct location for hip implant placement.

MRI Simulation. We employ the open-source MRI simulator developed by Zochowski
et al. (Zochowski et al., 2024) to generate k-space data at 3T field strength. For metal
artifact simulation, we use the total hip arthroplasty model provided in the simulator (Shi
et al., 2017; Edelsbrunner et al., 1983; Mddinger et al., 2023), which comprises a femoral
stem, femoral head, acetabular liner, and acetabular cup generated as spherical shells. The
implant is modeled with cobalt-chromium (CoCr) alloy with magnetic susceptibility of 900
ppm, while tissue susceptibility values follow the simulator defaults: —9.05 ppm for soft
tissues and water, —8.86 ppm for cortical bone, and —5.55 ppm for fat (Schenck, 1996;
Smith et al., 2015; Modinger et al., 2023). We manually fit the implant model into each
subject’s hip region with position adjustments to ensure anatomically realistic placement.
The simulator models susceptibility-induced field inhomogeneities, signal dephasing, and
geometric distortions. We simulate a Turbo Spin Echo (TSE) sequence with the following
parameters: TR = 4050 ms, TE = 32 ms, readout bandwidth = 710 Hz/pixel, RF bandwidth
= 1 kHz and slice thickness = 3 mm (Zochowski et al., 2024).

For each phantom, we generate: (1) clean k-space without metal, (2) metal-corrupted
k-space with the virtual implant, and (3) a binary implant mask. Inverse Fourier transform
yields paired reconstructions where each metal-corrupted image has an exactly matched
clean reference serving as the ground truth target.
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Final Dataset. The resulting dataset contains 200 subjects with 36 slices each, where
edge slices are excluded to retain only the region affected by metal artifacts. This paired
structure is critical for our framework: the clean reconstructions provide supervision for
MAR network training, while the matched pairs enable reward computation during policy
learning.

3.2. Experimental Setup

We partition the 200 subjects into training (160 subjects), validation (20 subjects), and
test (20 subjects) sets, ensuring no subject overlap between splits. Each subject contains
36 slices, yielding 5,760 training, 720 validation, and 720 test slices. All experiments are
conducted on an NVIDIA RTX 5090 GPU with 32 GB memory.

Training Configuration. The MAR network is pretrained for 100 epochs on paired
metal-corrupted and clean images using the loss defined in Eq. (6). For end-to-end training,
we use Adam optimizer (Kingma and Ba, 2015) with learning rate 3 x 10~ for the artifact-
aware PPO agent and 1 x 107 for the MAR network. PPO hyperparameters include:
rollout length of 512 steps, 4 optimization epochs per update, clip range of 0.2, and entropy
coefficient of 0.01. The reward scaling factor is &« = 100, and the quality metric weights are
Assim = 0.7 and Apmse = 0.3. All experiments use an acceleration factor of 10x (2 initial
plus 18 budget acquired lines).

Baseline Methods. We compare against four conventional acquisition strategies and
one learned baseline: (1) Center-out, acquiring lines from k-space center outward; (2) Ran-
dom, uniform random selection; (3) Random-LowBias, random selection biased toward
central k-space; (4) Equispaced, fixed equidistant sampling; and (5) SS-DDQN, a learned
policy based on Double DQN for active MRI acquisition (Pineda et al., 2020). Conventional
baselines are evaluated without MAR post-processing to demonstrate the advantage of our
joint acquisition-and-reconstruction framework.

Ablation Study. We conduct ablation experiments with five configurations: (1) Clean-
trained PPO without MAR; (2) Metal-trained PPO without MAR; (3) Clean PPO + Pre-
trained MAR (frozen); (4) Metal PPO + Pretrained MAR (frozen); and (5) MASC with
joint co-adaptive optimization. The comparison between (4) and (5) isolates the benefit of
end-to-end training versus applying MAR only at inference.

3.3. Evaluation Metrics

We assess reconstruction quality using SSIM, Peak Signal-to-Noise Ratio (PSNR), Mean
Squared Error (MSE), NMSE, and Mean Absolute Error (MAE). All metrics are computed
on final reconstructions after the acquisition budget is exhausted, reported as mean =+
standard deviation across the test set.

4. Results

4.1. Comparison with Baseline Acquisition Strategies

Table 1 presents the quantitative comparison between our proposed MASC method and
baseline acquisition strategies on the test set. Baseline methods are evaluated without
MAR post-processing to isolate the effect of the acquisition strategy itself.
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Figure 4: Comparison of acquisition strategies. Left: Ground truth, sampling masks,
reconstructions, and error maps for each method including four conventional base-
lines (Random, Random Low-biased, Equispaced, Center-out), learned baseline
(SS-DDQN), and our MASC. MASC produces reconstructions closest to ground
truth with substantially darker error maps. Right: SSIM and MSE versus number
of acquired k-space lines. Shaded regions indicate the std. MASC demonstrates
superior performance throughout acquisition, with the gap widening as more lines
are acquired.

Among conventional baselines, Center-out achieves the best performance, consistent
with the understanding that low-frequency k-space components contain the majority of
image energy and structural information. Random-LowBias outperforms uniform Random
sampling by biasing selection toward the k-space center, while Equispaced sampling per-
forms worst as it is designed for parallel imaging with coil sensitivity information unavailable
in our single-coil setting. SS-DDQN, a learned acquisition policy based on Double DQN,
outperforms Center-out in MSE and NMSE but underperforms in SSIM, suggesting that
value-based RL can learn useful sampling patterns but may not fully capture perceptual
quality objectives.

Our MASC method substantially outperforms all baselines across every metric, achieving
43.9% improvement in SSIM and 71.2% reduction in MSE compared to Center-out. This
improvement can be attributed to two factors: the integration of MAR enables the policy to
optimize for artifact-corrected reconstruction quality rather than raw undersampled images,
and the end-to-end training allows the policy to discover acquisition patterns specifically
tailored to the MAR network’s correction capabilities.

Figure 4 provides qualitative comparison and acquisition dynamics. The left panel
shows that Random and Random-LowBias produce severe aliasing due to incoherent sam-
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Table 1: Comparison with baseline acquisition strategies at 10x acceleration (2
initial + 18 budget lines). Baselines are evaluated without metal artifact
reduction. Results are mean + std on the test set. Best results in bold. All
improvements are statistically significant (p < 0.001, paired t-test).

Method SSIM 1 PSNR 1 MSE | NMSE | MAE |

Random 0.3214 +£ 0.0440 11.72 £ 1.11 0.0695 + 0.0173 0.3374 + 0.0929 0.2199 + 0.0333
Random-LowBias 0.3556 £ 0.0444 12.70 £ 1.38 0.0566 + 0.0193 0.2696 + 0.0718 0.1877 £ 0.0332
Equispaced 0.2648 £ 0.0380 11.26 £ 0.92 0.0764 + 0.0152 0.3716 + 0.0846 0.2331 £ 0.0297
Center-out 0.5022 + 0.0519 14.23 £ 3.17 0.0488 + 0.0360 0.2249 + 0.1352 0.1507 £ 0.0619
SS-DDQN 0.4637 £ 0.0425 14.90 £ 2.41 0.0385 + 0.0273 0.1798 + 0.1017 0.1355 £ 0.0460
MASC (Ours) 0.7224 + 0.0408 19.73 + 1.28 0.0111 + 0.0036 0.0546 + 0.0190 0.0640 + 0.0121

pling, while Equispaced results in structured aliasing patterns. Center-out preserves gross
anatomy but loses fine details from missing high-frequency information. SS-DDQN shows
improved structure but retains visible artifacts. In contrast, MASC produces reconstruc-
tions closest to ground truth with substantially darker error maps.

The right panel reveals the temporal dynamics of acquisition. MASC exhibits a steeper
improvement trajectory in early steps, suggesting the learned policy prioritizes k-space lines
with maximal information gain—a behavior consistent with optimal experimental design
principles where early measurements should maximize expected information. The widening
performance gap as acquisition progresses indicates that MASC’s sequential decisions com-
pound beneficially, whereas baseline methods lack this adaptive capability. Notably, MASC
maintains consistently lower variance (narrower shaded regions), demonstrating robust per-
formance across diverse anatomical structures and artifact patterns.

4.2. Ablation Study

We conduct an ablation study to analyze the contribution of each component in our pro-
posed MASC framework. Table 2 presents results of five configurations that systematically
evaluate the effects of training data, MAR integration, and end-to-end optimization. Fur-
ther visualizations are shown in Appendix C.

Comparing Clean-trained PPO and Metal-trained PPO reveals how metal artifacts affect
policy learning without MAR post-processing. Clean-trained PPO achieves higher SSIM
while Metal-trained PPO yields lower MSE, suggesting a trade-off: artifact-free training
preserves structural learning, but metal-aware training enables partial adaptation to the ar-
tifact distribution. This can be understood through the lens of reward signal quality—metal
artifacts corrupt the reconstruction used for reward computation, effectively adding noise
to the policy gradient and hindering convergence to optimal sampling strategies.

Adding pretrained MAR substantially improves all configurations, with Metal PPO +
Pretrained MAR slightly outperforming its clean-trained counterpart. This suggests that
when MAR corrects artifacts at inference, the metal-trained policy’s implicit knowledge of
artifact locations becomes beneficial rather than detrimental. The policy may learn to sam-
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Table 2: Ablation study on training strategy components at 10x acceleration.
Configurations progressively add metal-aware training, MAR integration, and end-
to-end optimization. Results are mean =+ std on the test set. Best results in bold.
MASC significantly outperforms all ablation variants (p < 0.001, paired t-test).

Configuration SSIM 1 PSNR 1 MSE | NMSE | MAE |
Clean-trained PPO 0.5120 £ 0.0559 14.47 £+ 3.19 0.0463 £ 0.0348 0.2137 £ 0.1309 0.1465 £ 0.0606
Metal-trained PPO 0.4758 £ 0.0465 14.99 £ 2.47 0.0373 £ 0.0220 0.1766 £ 0.0926 0.1341 £ 0.0425

Clean PPO + Pretrained MAR 0.6640 £ 0.0600 17.08 £+ 1.68 0.0212 £ 0.0095 0.1020 £ 0.0400 0.0945 £ 0.0262
Metal PPO + Pretrained MAR 0.6874 £ 0.0621 17.72 £ 1.59 0.0182 £ 0.0077 0.0888 £ 0.0384 0.0820 £ 0.0213

MASC (Ours) 0.7224 £+ 0.0408 19.73 + 1.28 0.0111 £ 0.0036 0.0546 + 0.0190 0.0640 + 0.0121

ple k-space regions that, while suboptimal for direct reconstruction, provide complementary
information for the MAR network’s correction process.

Our proposed MASC framework achieves the best performance across all metrics, im-
proving SSIM by 5.1% and reducing MSE by 39.0% compared to the strongest baseline.
This improvement stems from breaking the train-test distribution mismatch: in post-hoc
approaches, the MAR network is trained on fully-sampled data but applied to undersam-
pled reconstructions with aliasing artifacts it has never encountered. End-to-end training
resolves this by exposing the MAR network to the actual undersampling patterns produced
by the policy, while simultaneously allowing the policy to discover acquisition strategies
that maximize the MAR network’s correction capability. The consistently lower standard
deviation across all metrics further indicates that this co-adaptation produces more robust
reconstructions, as both components converge to a mutually beneficial equilibrium rather
than operating independently.

5. Conclusion

We presented MASC, a unified reinforcement learning framework that jointly optimizes
metal-aware k-space sampling and artifact correction for accelerated MRI. Our approach
contributes a physics-based paired MRI dataset with simulated metal artifacts from 200
subjects, enabling supervised training for artifact reduction and reward computation for
policy learning, along with an end-to-end co-adaptive training scheme where the PPO-based
acquisition policy and U-Net-based MAR network mutually adapt to each other. Exper-
iments demonstrate that MASC substantially outperforms both conventional and learned
acquisition strategies, achieving 43.9% improvement in SSIM and 77.3% reduction in MSE
compared to the best conventional baseline at 10x acceleration. Ablation studies confirm
that end-to-end training provides measurable benefits over using a frozen pre-trained MAR
network, validating the importance of joint optimization.

The current limitation of our work is the focus on a single implant type (cobalt-chromium
hip implant) at one anatomical region. Future work will extend MASC to diverse implant
materials with varying magnetic susceptibilities, different anatomical regions such as spine
and knee, and multi-coil settings where parallel imaging can be combined with learned
acquisition policies.
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Appendix A. Additional Implementation Details

Algorithm A outlines our co-adaptive training procedure, where the PPO policy and MAR-
UNet are jointly optimized after each rollout.

Algorithm 1: MASC: Joint PPO and MAR-UNet Training
Input : Dataset D, rollout length N, scaling factor «
Output: Trained policy mg and MAR-UNet g,
Initialize policy mg, value network Vi, pretrained MAR-UNet g,
while not converged do
Initialize rollout buffer B «+ ()

foreach step n in rollout do
Reset environment if episode done

Sample action a ~ 7y(-|s)

Update mask m’ <+~ mU {a}

Reconstruct Lecon < F(kgan © m')

Apply MAR-UNet I < gy (Irecon)

Compute reward 7 < a - (Q(I, I*) — Q(Iprev, I*))

Store transition in B
end

Update PPO policy 0 and value ¢ using B
Update MAR-UNet ¢ with Lyiar = ||gy (L) — I*]|3

end

return 7y, gy

Appendix B. Additional Dataset Details

We selected 200 subjects from the AutoPET FDG-PET/CT dataset (Gatidis et al., 2022)
for MRI simulation. Table 3 summarizes patient demographics.

Table 3: Dataset demographics (n=200). Summary of patient characteristics from the
AutoPET dataset used for MRI simulation.

Characteristic Value
Subjects 200
Age (years) 62.0 + 15.4 (range: 11-95)
Sex
Male 115 (57.5%)
Female 84 (42.0%)
Not reported 1 (0.5%)
Diagnosis
Melanoma 70 (35.0%)
Lung cancer 65 (32.5%)
Lymphoma 61 (30.5%)
Negative 4 (2.0%)
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Appendix C. Additional Ablation Study Visualization
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Figure 5: Ablation study on training strategy components at 10x acceleration.
Configurations progressively add metal-aware training, MAR integration, and
end-to-end optimization. SSIM, MSE, PSNR and MAE versus number of acquired

k-space lines.

Shaded regions indicate the std. MASC demonstrates superior

performance throughout acquisition, with the gap widening as more lines are

acquired.
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